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ABSTRACT: In this study, we evaluated the feasibility of intra- and peritumoral artificial intelligence (AI)-based radiomics from dynamic
contrast-enhanced magnetic resonance imaging (DCE-MRI) for preoperative prediction of lymphatic vascular invasion (LVI) in invasive
breast cancer (IBC). Our results demonstrated that a radiomicmodel (area under the receiver operating characteristic curve AUC = 0.951)
outperformed a clinical model (AUC = 0.644) in 193 patients. Optimal tumor segmentation using 3D RU-Net (Dice score > 0.75) and
3mm to 4mm isotropic 3D peritumoral expansion yielded the strongest predictive performance.

1. INTRODUCTION

According to the 2022 global cancer statistics, breast can-
cer was the second most common cancer, accounting for

11.6% of total cancer cases [1]. Recent studies have shown
that lymphatic vascular invasion (LVI) by tumors is an essen-
tial prognostic factor affecting patient outcomes and clinical
treatment decisions [2–4]. LVI is the invasion of tumor em-
boli into the lymphatic space, blood vessels, or both around the
tumor [4]. LVI, which can manifest as lymph node metasta-
sis, is associated with an elevated risk of lymphatic metasta-
sis resulting from tumor-related lymphangiogenesis [5]. One
of the leading causes of breast cancer-related death is lymph
node metastasis [6]. Therefore, LVI is considered one of the
main reference criteria for tumor staging, prognostic prediction,
and treatment decisions [7, 8]. However, during clinical diag-
nosis, postoperative pathology is currently the only available
tool to confirm that tumors promote lymphatic and blood ves-
sel growth and invasion, and there is no effective way to predict
LVI status before surgery noninvasively.
Radiomics provides a new method and tool for clinical

tumor diagnosis, treatment decisions, and prognosis predic-
tion [9]. Four previous studies applied MRI-based intratumoral
radiomics to predict LVI status in patients with breast can-
cer [10–13]; However, their results were controversial. Liu et
al. determined that a model combining the radiometric fea-
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tures based on Dynamic contrast-enhanced magnetic resonance
imaging (DCE-MRI) and the status of axillary lymph nodes
(ALN) could better predict LVI status, with an area under
the curve (AUC) of 0.763 [10]. Kayadibi et al. established
a radiomic model based on the apparent diffusion coefficient
(ADC) with an AUC of 0.732 [13]. Zhang et al. found that fu-
sion radiomic models of T2-weighted imaging (T2WI), contra-
enhanced T1-weighted imaging (DCE), and ADC images pre-
dicted LVI status better than any of them alone [11]. Nijiati et
al.’s ADC radiomics model achieved an area under the receiver
operating characteristic curve (AUC) of 0.77 [12]. The studies
mentioned above delineated the intratumoral regions for analy-
sis of imaging characteristics while neglecting the examination
of imaging features in the peritumoral areas. Most contempo-
rary studies [14–16] have established intratumoral and peritu-
moral radiomic models for preoperative prediction of HER-2
Status, molecular subtypes of ALN metastasis, etc. At present,
only Jiang et al. [17] have developed a nomogram to evaluate
the intra- and peritumoral radiomics for assessing LVI.
In radiomics analysis, accurate region-of-interest (ROI) de-

lineation is critical for extracting quantitative imaging fea-
tures. However, manual segmentation of breast lesions in DCE-
MRI is time-consuming and prone to interobserver variability,
prompting the development of automated and semi-automated
segmentation algorithms. Recent advancements include sev-
eral notable approaches: Lee et al. [18] introduced an active
contour-based skin segmentation method to remove superficial
tissues in DCE-MRI, achieving a Dice coefficient of 93.2%

57doi:10.2528/PIERL25040802 Published by THE ELECTROMAGNETIC ACADEMY

https://doi.org/10.2528/PIERL25040802


Wang et al.

FIGURE 1. Flowchart of study population. DCE-MRI, dynamic contrast enhancement-magnetic resonance imaging; DWI, diffusion weighted imag-
ing.

for 3D reconstructed images and demonstrating superior speed
and accuracy compared to manual segmentation. Khaled et
al. [19] developed a U-Net ensemble framework that combines
three models with different input configurations, achieving a
mean Dice similarity coefficient (DSC) of 0.680 on the TCGA-
BRCA dataset and highlighting the value of multi-input fea-
ture fusion in complex imaging scenarios. Si et al. [20] pro-
posed a Chimp Optimization Algorithm (CHOA) for multilevel
thresholding, achieving DSCs of 87.09% without opposition-
based learning and 93.25% with this technique, outperform-
ing traditional optimization methods in sensitivity, accuracy,
and noise robustness. To address the challenges of segment-
ing breast tumors with variable shapes/sizes and inhomoge-
neous backgrounds in DCE-MR images, this study [21] pro-
poses a tumor-sensitive synthesis module that integrates dif-
ferential loss feedback to suppress false positives and enhance
boundary accuracy, validated on a large 422-subject dataset to
demonstrate improved segmentation effectiveness, adaptabil-
ity, and robustness. Si and Mukhopadhyay [22] introduced
a fireworks algorithm-based clustering approach with prepro-
cessing for denoising and intensity correction, demonstrating
higher DSC values and lower computational complexity than
particle swarm optimization or k-means. A recent study has
observed that the peritumoral regions closely related to tumors
have radiomic characteristics related to prognosis, which may
help further clarify tumor heterogeneity [23]. Patients with
LVI-positive have a greater risk of local recurrence and dis-
tant metastasis [24]. Therefore, noninvasive methods to predict
LVI-positive status in breast cancer have important clinical im-
plications for early detection of the disease. In this study, we
aimed to develop and validate semi-automated 3D intra- and
peritumoral radiomics models using preoperative DCE-MRI as
a noninvasive tool for predicting LVI status in patients with
breast cancer.

2. MATERIALS AND METHODS
2.1. Patients Selection
This retrospective study included 193 patients (197 lesions)
with invasive breast cancer (IBC) diagnosed by surgical re-

section between January 2016 and July 2022. Figure 1 de-
picts the flowchart illustrating the enrollment process of the
study population. The inclusion criteria were as follows: (1)
histopathological evaluation of surgical specimens in patients
with recently diagnosed IBC; and (2) underwent breast mass
surgery within two weeks after MRI scanning. An additional
188 patients were excluded owing to various reasons, such as
neoadjuvant chemotherapy before MRI, distant metastasis oc-
curring during the first consultation, previous breast cancer his-
tory, incomplete clinical or imaging data, and diffuse lesions.
For patients with multiple lesions, only the largest lesions were
included in this study. The CT results were evaluated based on
the American Radiological Society Breast Imaging Report and
Data System.

2.2. Histopathological Analyses
Histopathological and immunohistochemical data were ob-
tained from the surgical pathology reports. Tissue analysis
was performed on the samples obtained from surgery. LVI
was evaluated on hematoxylin and eosin-stained sections and
defined as cancer cells in a certain endothelial lining space
around the IBC [9]. The reported criteria for estrogen receptor
(ER) and progesterone receptor (PR) status are as follows:
< 1% reactive cells are negative, and ≥ 1% reactive cells
are positive. The IHC staining standard score of HER-2 is
0, 1+, 2+, or 3+, among which 0 and 1+ are negative, and
3+ is positive. Fluorescence in situ hybridization for HER-2
amplification was performed when the HER-2 score was 2+.
A positive result of fluorescence in situ hybridization ampli-
fication was regarded as HER-2 positive. Ki-67 is divided
into two categories with 14% as the boundary: ≥ 14% and
< 14%. Histological grade was carried out using the method
of Elston and Ellis [25]. IBC is usually classified into three
grades: Grade I (highly differentiated), Grade II (moderately
differentiated), and Grade III (poorly differentiated).

2.3. MRI Acquisition
The examinations were performed using a 1.5 T MR (Signa
HDxt 1.5T, GE Healthcare, USA) or a 3.0 T MR scanner
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FIGURE 2. Flowcharts radiomics analysis. VOI, volumetric interest (volume of interest); LASSO, Least absolute shrinkage and selection operator;
ROC, receiver operating characteristic curve; VOI tumor, the three-dimensional volume of the whole tumor; VOI1 mm, VOI2 mm, …, and VOI10 mm,
performing an isometric 3D expansion of the intratumoral region (VOItumor) from 1mm to 10mm resulted in the generation of regions including
both the tumor and the peritumor, which were labeled as VOI1 mm, VOI2 mm, …, and VOI10 mm, respectively.

(Discover MR 750 3.0T, GE Healthcare, USA) and a special
phased-array surface coil for the breast. The patients were
placed in a prone position with a unilateral breast naturally sus-
pended in a breast coil for scanning. Axial lava sequence scan-
ning was performed to obtain DCE-MRI. The contrast agent
was gadopentetate dimeglumine (Guangzhou Kangshen Phar-
maceutical Co., Ltd., China). The dose of intravenous bolus
injection was 0.1mmol/kg, and the rate was 2.5mL/s. After
the contrast agent was injected, 20mL of normal saline was in-
jected at the same rate. A mask was acquired before the en-
hancement. Fifteen seconds after the contrast agent was in-
jected, scanning was performed seven consecutive times.
DCE-MRI comprised a total of eight stages, with a single

scan time of 51 s in 3.0 T MRI. The first four stages were sep-
arated by 1 s, and the 5th, 6th, and 7th stages were separated
by 60 s, with a total scan time of 9min and 51 s. The scan-
ning parameters were as follows: repetition time (TR) 3.9ms,
echo time (TE) 2.2ms, flip angle (FA) 5◦, FOV 360×360mm,
matrix 320×320mm, no interval scanning. In 1.5 TMRI, a to-
tal of eight images were obtained, with a scanning time of 63 s
for each image post-contrast. Scanning parameters were as fol-
lows: TR 6.1ms, TE 3.0ms, FA 1.5◦, FOV 330× 330mm.

2.4. Radiomics Analysis

2.4.1. Workflow

Radiomics analysis was performed using the uAI Research
Portal (Shanghai United Imaging Intelligence Co., Ltd.,
China) embedded into the widely used package PyRadiomics
(https://pyradiomics.readthedocs.io/en/latest/index.html) [11].

The radiomics workflow comprised tumor segmentation,
feature extraction, feature selection, and model construction
and evaluation (Figure 2).
To obtain as much effective information as possible from

the limited data and to avoid possible sampling bias of group-
ing, this study adopted a five-fold cross-validation approach
for modeling [26]. Specifically, the whole dataset was ran-
domly, but equally, divided into five groups by unduplicated
sampling, with the same ratio of LVI-positive patients in each
group; training and validation were conducted on four groups
and the remaining group, respectively, which was repeated un-
til each group was used as validation data exactly once. Con-
sequently, five models were generated, based on which an av-
erage but robust estimation could be obtained [26].
VOI, volumetric interest (volume of interest); LASSO,

Least absolute shrinkage and selection operator; ROC,
receiver operating characteristic curve; VOI tumor, the three-
dimensional volume of the whole tumor; VOI1 mm, VOI2 mm,
..., and VOI10mm, performing an isometric 3D expansion
of the intratumoral region (VOItumor) from 1mm to 10mm
resulted in the generation of regions including both the tumor
and peritumor, which were labeled as VOI1 mm, VOI2 mm, ...,
VOI10 mmmm, respectively.

2.4.2. AI Tumor Segmentation

Zhang et al. [27] developed a spatial-temporal deep learning
framework that integrates multi-phase dynamic contrast kinet-
ics and spatial contextual features fromDCE-MRI, enabling the
model to simultaneously capture tumor enhancement patterns
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FIGURE 3. Automatic image segmentation example diagram. (a) VOItumor, the three-dimensional volume of the whole tumor; (b) VOI1 mm, an
isometric 3D expansion of the intratumoral region 1mm resulted in the generation of regions including both the tumor and the peritumor 1mm; (c)
VOI9 mm, an isometric 3D expansion of the intratumoral region 9mm resulted in the generation of regions including both the tumor and the peritumor
9mm; (d) VOI10 mm, an isometric 3D expansion of the intratumoral region 10mm resulted in the generation of regions including both the tumor and
the peritumor 10mm.

and anatomical structures — thereby improving segmentation
accuracy in complex backgrounds. This architecture achieved
a Dice similarity coefficient (DSC) of 82.04% on a multi-center
dataset while reducing segmentation time by 20-fold compared
to manual methods, demonstrating physician-level accuracy
alongside robust adaptability to MRI data with varying phase
numbers and imaging intervals. In this study, we utilize an
AI-assisted segmentation framework to extract tumor regions
from DCE-MRI images across the second stages, thereby sig-
nificantly reducing annotation time.

2.4.3. Image Processing

Analyses were conducted on the second phase of DCE-
MRI [17]. Tumors were automatically segmented using an
AI-assisted framework [12], followed by manual refinement on
the original scans by a radiologist with three years of clinical
experience in breast imaging. For patients with bilateral
tumors, the larger lesion was selected for subsequent analysis.
To explore peritumoral information, a standard image mor-

phological dilation operation was utilized to perform an isomet-
ric 3D expansion of the intratumoral region (volume of inter-
est (VOItumor)) from 1mm to 10mm. During this process, any
area exceeding the bilateral breast region was eliminated. This
resulted in the generation of regions, including both the tumor
and peritumor, which were labeled as VOI1 mm, ..., VOI9 mm and
VOI10 mm, respectively (Figure 3).

2.4.4. Feature Extraction

To construct the optimal model, radiomics features were re-
spectively derived from different VOIs (VOItumor, VOI1 mm,
VOI2 mm, ..., VOI10 mm) in the DCE-MRI scans, which allowed
for a comprehensive analysis of the radiomics characteristics
within various regions of interest.
The images were imported into the uAI Research Portal, and

a total of 104 radiomics features were extracted from within
the annotated lesion region. These radiomics features included
first-order statistics, shape, gray level cooccurrence matrix,
gray level size zone matrix, gray level run length matrix, neigh-
boring gray-tone difference matrix, and gray level dependence

matrix features. Meanwhile, three imaging filters (original, log,
wavelet) provided by the uAI Research Portal were utilized
for feature extraction. Consequently, 1184 features were ul-
timately obtained for each of the VOItumor and VOI1–10mm sub-
groups.

2.4.5. Feature Selection

After maximum absolute value normalization, the least abso-
lute shrinkage and selection operator regression were used to
each feature. According to Harrell’s guideline, the number of
selected test features should be less than 10%of the sample size.
Therefore, the number of features used for subsequent model
construction was determined to be < 20 for each experiment.

2.4.6. Model Construction and Evaluation

Radiomics modeling was implemented based on VOItumor,
VOI1 mm, VOI2 mm, ..., VOI10 mm, respectively. Machine-
learning classifiers, including logistic regression and random
forest, were utilized to build models after data preprocessing
using the Box-Cox transformation. The radiomics model
based on VOI3&4mm refers to the model established on the
combination of features extracted from VOI3 mm and VOI4 mm,
followed by feature extraction and model establishment.
The 28 radiomics characteristics selected from VOI3 mm and
VOI4 mm are in Figure 4.
Receiver operating characteristic curves were plotted, and

AUC, accuracy, sensitivity, and specificity were calculated to
quantify the predictive model performance. Afterward, calibra-
tion curves were plotted to estimate the coincidence between
the prediction models and actual outcomes. Finally, decision
curves were utilized to visualize the clinical net benefit of the
prediction models.

3. STATISTICAL ANALYSIS
All statistical analyses were conducted using MedCalc (ver-
sion 20.010; https://www.medcalc.org) and Python 3.7 soft-
ware (https://www.python.org). Continuous variables and cate-
gorical variables were expressed as mean±SD (standard devia-
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FIGURE 4. 28 radiomics features selected from VOI3 mm and VOI4 mm, among which 16 features were from VOI3 mm and 12 features were from
VOI4 mm.

tion) and number (%), respectively. Clinical, pathological, and
MRI findings were compared using theWilcoxon rank sum test,
Pearson Chi-square test, or Fisher’s exact test. The consistency
of the MRI findings was assessed by Kappa. The DeLong test
was performed to compare AUCs. P < 0.05 was considered
statistically significant.

4. RESULTS

4.1. Clinical Characteristics
A total of 193 patients with IBC met the inclusion criteria. The
baseline characteristics of patients are summarized in Table 1.
Among the patients, 143 were LVI-negative, and the other 50
were LVI-positive. There were no significant statistical differ-
ences between the groups in terms of age, histological grade,
ER (estrogen receptors) status, PR (progesterone receptors) sta-
tus, Ki67 level, and tumor sites, as well as tumor morphol-
ogy, margin, boundary, and diameter on MRI. The chi-square
test results showed that axillary lymph nodes (ALN) status,
ALN status on MRI, and tumor enhancement pattern on MRI
were significantly correlated to LVI (P < 0.001, P = 0.005,
P = 0.031, respectively). The Kappa test between two ob-
servers indicated good consistency (Table 1).
Multivariable logistic regression analysis revealed that ALN

enlargement is more common in LVI-positive patients than in

LVI-negative patients (odds ratio [OR] = 6.035; 95% confi-
dence interval [CI]: 1.801–20.221; P = 0.004) (Table 2). LVI-
positive patients had a higher probability of annular enhance-
ment pattern on MRI (OR = 4.550; 95% CI: 1.330–15.565;
P = 0.016) than LVI-negative patients. Therefore, ALN status
on MRI and tumor enhancement pattern on MRI were indepen-
dent predictors of LVI. Based on this, a clinical model (training
cohort, AUC: 0.655, 95% CI: 0.562–0.750; validation cohort,
AUC: 0.644, 95% CI: 0.454–0.835) was established.

4.2. Performance of Intra- and Peritumoral Radiomics
After 5-fold cross-validation, the mean performance of the
intra- and peritumoral 1–10mm models for predicting LVI in
the training and validation cohorts are shown in Tables 3 and 4.
Among these models, the AUC value of the VOI3 mm radiomics
model was the highest but without statistical significance com-
pared to that of the VOItumor radiomics model (AUCs: 0.891
vs. 0.853; P = 0.330) (Figures 5(a) and (b)). The AUC value
of the VOI4 mm radiomics model was 0.890, second only to the
VOI3 mm radiomics model (Figures 5(a) and (b)). Therefore,
a combined radiomics model (referred to as VOI3&4mm) was
constructed based on the selected 16 radiomics signatures from
VOI3 mm and 12 radiomics signatures fromVOI4 mm. Themodel
achieved an AUC of 0.951 (95% CI: 0.885–1.000), with sensi-
tivity, specificity, and accuracy of 88.0%, 96.5%, and 84.3%,
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TABLE 1. Clinical, histopathological and DCE-MRI characteristics of 193 lesions.

Characteristic
LVI negative
(n = 143)

LVI positive
(n = 50)

P value Kappa

Age (y, mean± SD) 51.63± 9.84 49.38± 9.94 0.900 \
Histological grade n (%) 0.197 \

I&II 92 (64.3) 27 (54.0)
III 51 (35.7) 23 (46.0)

ALN positive n (%) 55 (38.5) 39 (78.0) < 0.001∗ \
ER positive n (%) 108 (75.5) 36 (72.0) 0.623 \
PR positive n (%) 95 (66.4) 35 (70.0) 0.644 \
Ki 67 ≥ 14% n (%) 109 (76.2) 44 (88.0) 0.078 \

Right breast position n (%) 69 (48.3) 26 (52.0) 0.770 \
ALN status on MRI n (%) 0.005* 0.848

Normal 77 (53.9) 17 (34.0)
Display 60 (42.0) 25 (50.0)

Enlargement 6 (4.2) 8 (16.0)
Tumor morphology on MRI n (%) 0.748 0.774

Cycle 17 (11.9) 4 (8.0)
Oval 35 (24.5) 13 (26.0)

Irregular 91 (63.6) 33 (66.0)
Tumor margin on MRI n (%) 0.584 0.747

Smooth 24 (16.8) 11 (22.0)
Lobular 65 (45.5) 19 (38.0)
Spicule 54 (37.8) 20 (40.0)

Tumor boundary on MRI n (%) 0.725 0.765
Sharp 56 (39.2) 21 (42.0)
Fuzzy 87 (60.8) 29 (58.0)

Tumor enhancement pattern on MRI n (%) 0.031* 0.875
Homogeneous 37 (25.9) 6 (12.0)
Heterogeneous 93 (65.0) 34 (68.0)

Annular 13 (9.1) 10 (20.0)
Tumor diameter on MRI n (%) 0.491 0.886

< 2 cm 88 (61.5) 26 (52.0)
2 ∼ 5 cm 51 (35.7) 22 (44.0)
> 5 cm 4 (2.8) 2 (4.0)

Note — Data are number of lesions, and data in parentheses are percentages.
The differences were assessed by Mann-Whitney U-test, chi-square test, or chi-square test for trend. LVI, lymphovascular
invasion; SD, standard deviation; ER, estrogen receptor; PR, progesterone receptor; ALN, axillary lymph node. *P < 0.05.

respectively (Figures 5(a) and (b)). The AUC value of the
VOI3&4mm radiomics model was significantly higher than that
of the VOItumor radiomics model (AUCs: 0.951 vs. 0.853; P =
0.003), as well as the clinical model (AUCs: 0.951 vs. 0.644;
P < 0.001) (Figures 5(a) and (b)). However, the AUC value
of the comprehensive model combining clinical variables and
VOI3&4mm radiomics features was only 0.568. The decision
curve (Figures 5(c) and (d)) shows that the VOI3&4mm model
added more clinical net benefit than the VOI3 mm model. The
calibration curve (Figures 5(e) and (f)) showed that VOI3&4mm
model is the best because it predicts the incidence closest to the
measured incidence.

5. DISCUSSION

In this retrospective study, we developed a predictive model for
LVI, based on the analysis of clinical characteristics, MRI find-
ings, and DCE-MRI-based intra- and peritumoral radiomics
features in patients with LVI-positive and LVI-negative IBC.
Our results showed that the ALN status on MRI and the tu-
mor enhancement pattern on MRI were independent predic-
tors of LVI. The VOI3&4mm radiomics model outperformed the
VOItumor radiomics model, demonstrating that the radiomics
features of intra- and peritumor can better predict the state of
LVI than that of intratumor alone.
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TABLE 2. Multivariable logistic regression analysis.

Characteristic Odds ratio 95% CI P value
ALN status on MRI

Normal Reference ... ...
Display 1.743 0.853 to 3.564 0.128

Enlargement 6.035 1.801 to 20.221 0.004*
Tumor enhancement pattern on MRI

Homogeneous Reference ... ...
Heterogeneous 2.217 0.836 to 5.877 0.11

Annular 4.55 1.330 to 15.565 0.016*

Note: 95% CI, 95% confidence interval. CI, confidence interval;
ALN, axillary lymph node. *P < 0.05.

Our research suggests that the VOI3 mm and VOI4 mm ra-
diomics models exhibited superior predictive capabilities. This
could be attributed to the fact that a peritumor region of 3mm
or 4mm radius encompasses significant information pertaining
to surrounding blood vessels and lymphatic vessels while min-
imizing interference from irrelevant data [28]. As suggested by
Ding et al. [28], optimizing the size of the area around the tu-
mor can enhance the prediction accuracy of the radiomicmodel.
Many studies [14, 29–32] have defined the area around the tu-
mor as 4mm, which is also in line with our research findings.
The potential reasons for the relatively low performance of the
other models are as follows: the prediction performance of the
VOI1 mm or VOI2 mm radiomics models was lower than that of
the VOI3 mm radiomics model as they did not comprehensively
include all important information. When the peritumoral ex-
pansion exceeds 4mm, it not only includes all important infor-
mation, such as surrounding blood vessels and lymphatic ves-
sels, but also invalid information generated by normal breast
tissue, which reduces the prediction efficiency of the models.
The inferior performance of the combined model (clinical +
radiomics, AUC = 0.568) compared to single-modality mod-
els highlights multifactorial mechanisms — including redun-
dancy between clinical and radiomic features, suboptimal fu-
sion strategies/methodological constraints, and heterogeneity
in clinical data quality/completeness — as both explanatory
factors and inherent limitations, urging future exploration of
advanced multimodal integration techniques and rigorous data
curation to mitigate such performance declines.
The presence of LVI serves as a valuable prognostic indicator

for the likelihood of lymph node metastasis in breast cancer pa-
tients. A positive LVI result indicates an elevated risk of ALN
metastasis and distant metastasis, both of which contribute to a
poorer prognosis [3].
MRI has become one of the leading imaging methods for

early screening, evaluation of malignancy, curative effects, and
prognosis of breast cancer, especially DCE-MRI, which is con-
sidered to reflect lymphangiogenesis and microvessel density
in breast cancer [33]. Previous studies [34, 35] have shown
that some MRI findings are significantly correlated with LVI
status. Cheon et al. [34] found that preoperative breast MRI
findings, such as peritumoral and prothoracic edema, adjacent

vascular signs, and regional enhancement on T2-weighted im-
ages, were associated with the presence of LVI. This is incon-
sistent with the results of Mori et al. [35], who found no sig-
nificant relationship between LVI and T2WI, but found that the
peritumor-to-tumor ADC ratio helped predict preoperative LVI
status with good results (AUC: 0.81). In the current study, we
only observed that the ALN status on MRI and the tumor en-
hancement pattern onMRI were independent predictors of LVI,
while other features, such as peritumoral edema and adjacent
vascular signs, were not significantly correlated with LVI. The
AUC value of the clinical model based on ALN status and tu-
mor enhancement pattern on MRI was 0.644. The significant
variation in above several studies may result from the evalua-
tions of different radiologists being, to some extent, subjective
and may also be caused by the small sample size.
Therefore, more objective and reliable techniques, such as

radiomics, are necessary for the preoperative prediction of LVI
status in patients with breast cancer. Previous studies [10–13]
have solely focused on the intratumoral area and have utilized
one or more sequences from multi-parametric MRI imaging to
establish radiomics models within tumors. For instance, Ni-
jiati et al. [12] and Kayadibi et al. [13] have developed ra-
diomics models based on ADC, achieving an AUC of 0.77 and
0.732, respectively. In addition, Liu et al. [10] have developed
a radiomic model that is based on DCE-MRI, while Zhang et
al. [11] have fused T2-weighted imaging (T2WI) and ADC im-
ages in their study. Previous MRI-based radiomics approaches
on breast cancer suggested that the peritumoral area with 4mm
radial delineation distance outside breast cancer holds excellent
information regarding the diagnosis of malignant lesions [36],
prediction of lymph node metastasis status [28, 32], intraductal
component [30], and assessment of molecular subtypes [31].
Li et al. [37] and Huang et al. [38]’s study of delineating the
tumor and its peripheral area within 3mm, including the mi-
croenvironment around the tumor, can provide rich information
on tumor heterogeneity. Jiang et al. [17] developed a radiomics
model based on intra- and peritumoral areas to evaluate LVI sta-
tus, and they only tested 4mm expansion, while in this study,
the 1–10mm gradient experiment proved that 3–4mm was the
optimal, and 3D isotropic expansion was adopted, which might
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TABLE 3. The training cohorts’ performances of the intratumoral and peritumoral 1mm–10mm models for predicting LVI.

Interest (VOI) AUC (95% CI) Sensitivity Specificity Accuracy
VOItumor 0.982(0.971–0.999) 0.955 0.872 0.894
VOI1 mm 0.993(0.994–1.000) 1.000 0.911 0.934
VOI2 mm 0.939(0.902–0.975) 0.88 0.85 0.858
VOI3 mm 0.969(0.947–0.993) 0.905 0.904 0.904
VOI4 mm 0.984(0.975–1.000) 0.955 0.871 0.892
VOI5 mm 0.957(0.931–0.986) 0.93 0.86 0.878
VOI6 mm 0.910(0.864–0.961) 0.785 0.832 0.82
VOI7 mm 0.901(0.848–0.956) 0.88 0.83 0.843
VOI8 mm 0.991(0.989–1.000) 0.925 0.974 0.961
VOI9 mm 0.985(0.976–1.000) 0.805 0.986 0.939
VOI10 mm 0.948(0.916–0.980) 0.85 0.941 0.917
VOI3&4 mm 0.994(0.997–1.000) 0.96 0.984 0.978

Note: VOI, volumetric interest (volume of interest); VOItumor, the three-dimensional volume of the whole
tumor; VOI1 mm, VOI2 mm, ..., and VOI10 mm, performing an isometric 3D expansion of the intratumoral region

(VOItumor) from 1mm to 10mm resulted in the generation of regions including both the tumor and the peritumor,
which were labeled as VOI1 mm, VOI2 mm, ..., and VOI10 mmmm, respectively VOI3&4mm refers to

the model established on the combination of features extracted from VOI3 mm and VOI4 mm.

TABLE 4. The validation cohorts’ performances of the intratumoral and peritumoral 1mm–10mm models for predicting LVI.

Interest (VOI) AUC (95% CI) Sensitivity Specificity Accuracy
VOItumor 0.853(0.736–0.966) 0.8 0.796 0.798
VOI1 mm 0.816(0.676–0.957) 0.716 0.742 0.735
VOI2 mm 0.833(0.694–0.963) 0.76 0.811 0.798
VOI3 mm 0.891(0.786–0.994) 0.82 0.868 0.855
VOI4 mm 0.890(0.770–0.999) 0.84 0.833 0.834
VOI5 mm 0.826(0.686–0.967) 0.72 0.784 0.767
VOI6 mm 0.803(0.625–0.973) 0.74 0.804 0.787
VOI7 mm 0.855(0.714–0.993) 0.8 0.818 0.814
VOI8 mm 0.828(0.690–0.964) 0.58 0.882 0.803
VOI9 mm 0.836(0.690–0.979) 0.48 0.902 0.793
VOI10 mm 0.802(0.625–0.959) 0.62 0.888 0.818
VOI3&4 mm 0.951(0.885–1.000) 0.88 0.965 0.843

Note: VOI, volumetric interest (volume of interest); VOItumor, the three-dimensional volume of the whole
tumor; VOI1 mm, VOI2 mm, ..., and VOI10 mmmm, performing an isometric 3D expansion of the intratumoral region
(VOItumor) from 1mm to 10mm resulted in the generation of regions including both the tumor and the peritumor,

which were labeled as VOI1 mm, VOI2 mm, ..., and VOI10 mm, respectively VOI3&4mm refers to
the model established on the combination of features extracted from VOI3 mm and VOI4 mm.

be more in line with the stereospatial characteristics of tumor
invasion.
Our research has some advantages. Firstly, the LVI status

is predicted based on the radiomics of multiple intratumoral
and peritumoral regions (1mm, 2mm, ..., and 10mm, respec-
tively). Secondly, the regions of interest were delineated semi-
automatically, saving time and labor for clinical application.
Previous research reported that YOLOv8 model improves

the accuracy of automatic detection of brain tumors in

MRI [39]. Low-profile tapered slot ultra-wideband (UWB)
Vivaldi antenna is applicable to breast cancer diagnosis [40].
There are some limitations. First, there is a potential impact

of category imbalance between the training set and validation
set in this study (50 LVI-positive patients among the total 193
patients), so we ensured the consistency of the category ratio of
the training/validation set in 5-times cross-validation through
stratified sampling). Although the current AUC value is very
high, it is still necessary to suggest future large-sample vali-
dation. Second, the underperformance of the combined model
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(a) (b)

(c) (d)

ROC curve (TD) ROC curve (TD)

Decision curve (TD) Decision curve (TD)

Calibration curve (TD) Calibration curve (TD)

(e) (f)

FIGURE 5. The performance of the clinical model and VOItumor, VOI3 mm, VOI4 mm, and VOI3&4 mm radiomics models were assessed using ROC
curves, decision curves, and calibration curves of LVI. (a), (b) The ROC, (c), (d) calibration, and (e), (f) decision curves of different models for
predicting LVI in the training dataset and validation dataset. ROC, receiver operating characteristic; LVI, lymphatic vascular invasion; TD, training
dataset; VD, validation dataset.

(clinical + radiomics, AUC = 0.568) stems from feature redun-
dancy, imperfect fusion methods, and data heterogeneity, em-
phasizing the need for advanced multimodal frameworks and
standardized clinical data protocols in future studies. Third,
this study was a retrospective single-center study, and multi-
center studies and external datasets are still needed to verify
generalizability. Furthermore, the use of DCE-MRI may only
miss complementary information from ADC or T2WI, and the
integration of multiple sequence features is needed to improve
robustness in the future.

6. CONCLUSION
Intra- and peritumoral radiomics based on DCE-MRI can effec-
tively predict the LVI status of IBC, compared to intratumoral
radiomics alone. Moreover, the predictive performance of the
radiomics model might be further improved by optimizing the
size of the peritumoral area, with an optimal size of 3–4mm.
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